Dihydropteroate synthase (DHPS) is the target of the sulfonamide class of antibiotics and has been a validated antibacterial drug target for nearly 70 years. The sulfonamides target the p-aminobenzoic acid (pABA) binding site of DHPS and interfere with folate biosynthesis and ultimately prevent bacterial replication. However, widespread bacterial resistance to these drugs has severely limited their effectiveness. This study explores the second and more highly conserved pterin binding site of DHPS as an alternative approach to developing novel antibiotics that avoid resistance. In this study, five commonly-used docking programs, FlexX, Surflex, Glide, GOLD, and DOCK, and nine scoring functions, were evaluated for their ability to rank-order potential lead compounds for an extensive virtual screening study of the pterin binding site of B. anthracis DHPS. Their performance in ligand docking and scoring was judged by their ability to reproduce a known inhibitor conformation and to efficiently detect known active compounds seeded into three separate decoy sets. Two other metrics were used to assess performance; enrichment at 1% and 2%, and Receiver Operating Characteristic (ROC) curves. The effectiveness of post-docking relaxation prior to rescoring and consensus scoring were also evaluated. Finally, we have developed a straightforward statistical method of including the inhibition constants of the known active compounds when analyzing enrichment results to more accurately assess scoring performance, which we call the 'sum of the sum of log rank' or SSLR. Of the docking and scoring functions evaluated, Surflex with Surflex-Score and Glide with GlideScore were the best overall performers for use in virtual screening against the DHPS target, with neither combination showing statistically significant superiority over the other in enrichment studies or pose selection. Post-docking ligand relaxation and consensus scoring did not improve overall enrichment.
INTRODUCTION
The enzyme dihydropteroate synthase (DHPS) catalyzes the addition of p-amino benzoic acid (pABA) to dihydropterin pyrophosphate (DHPP) to form dihydropteroate as a key step in bacterial folate biosynthesis ( Figure 1) . DHPS is the target of the sulfonamide antibiotics that mimic pABA and bind to the pABA binding site of the enzyme. Interruption of the folate biosynthetic pathway by these agents results in an inability of bacteria to perform one-carbon transfer reactions, which includes the synthesis of nucleic acid precursors essential for DNA synthesis. Sulfonamides have been used since the 1930's to treat a wide variety of Grampositive and Gram-negative infections. However, bacterial resistance and undesirable side effects have limited the clinical usefulness of these antibiotics. 1 The pterin binding pocket in DHPS represents an attractive alternative target for the design of novel antibacterial agents. There is a high degree of conservation in the residues that comprise this pocket, and no resistance mutations have been documented in or adjacent to this site ( Figure 2 ). To date, a variety of DHPS apo-and holo-crystal structures have been deposited in the Protein Data Bank from six bacterial species (E. coli, S. aureus, M. tuberculosis, B. anthracis, T. thermophilus, and S. pneumonia) as well as one fungal species (S. cerevisiae). [2] [3] [4] [5] [6] [7] [8] The overall goal of this research project is the discovery of novel compounds with significant binding affinities for the pterin pocket of B. anthracis DHPS using virtual screening approaches. Large-scale virtual screening or high-throughput molecular docking (HTD) of inhouse or commercial databases has become a common lead discovery technique in drug design. It has been shown to be a complementary tool to traditional, high-throughput screening, with hit rates that can be orders of magnitude higher than those from the latter. 9 In this study, we specifically address the problem of selecting an appropriate docking and scoring combination for virtual screening against a specific target and accurately rank-ordering the virtual hits for further analysis. A review of the literature reveals that there are many docking programs and scoring functions which have been investigated in numerous docking validation studies since 2000. [10] [11] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] It is clear from these studies that, given the large number of docking and scoring functions available, and the variability in their performance with different targets, it is crucial to perform a docking validation study prior to embarking on any virtual screening experiment. 12, 13, 15, 20, 21, 24 Ideally, the identification of the optimal docking and scoring combination will decrease the number of false positives and false negatives while ensuring optimal hit rates.
A number of methods have been reported for validating docking programs and scoring functions. 25, 26 One commonly used method is pose selection whereby docking programs are used to re-dock into the target's active site a compound with a known conformation and orientation, typically from a co-crystal structure. Programs that are able to return poses below a preselected Root Mean Square Deviation (RMSD) value from the known conformation (usually 1.5 or 2 Å depending on ligand size) are considered to have performed successfully. Pose selection is then followed by scoring and ranking to study which of the available scoring functions most accurately ranks the poses with respect to their RMSD values.
Another validation method is to dock a so-called decoy set of inactive, or presumed inactive, compounds that has been 'seeded' with compounds with known activity against the target in question. After ranking the docked decoy set by score, enrichment can be calculated and enrichment plots or Receiver Operating Characteristic (ROC) curves plotted. [27] [28] [29] ROC curves plot the sensitivity (Se) of a given docking/scoring combination against specificity (Sp), and Area's Under the Curve (AUC) can be calculated for comparison. There are two reported advantages of ROC curves over enrichment plots; they are independent of the number of actives in the decoy set and they include information on sensitivity as well as specificity. 26, 30 However, the former advantage has recently been challenged. 31 In this study of the B. anthracis DHPS pterin-binding pocket, five docking programs and nine scoring functions were evaluated using pose selection/scoring and enrichment studies. Pose selection and scoring used the 7-amino-3-(1-carboxyethyl)-1-methyl-pyrimido (4,5-c)-pyridazine-4,5(1H; 6H)-dione (AMPPD) co-crystal structure ( Figures 3 and 4) as the source structure. AMPPD was first described as a pterin-based DHPS inhibitor by researchers at Burroughs Wellcome Co. [32] [33] [34] [35] We have been able to re-synthesize AMPPD and obtain a 2.3 Å resolution co-crystal structure using B. anthracis DHPS. RMSD calculations were used to determine how well specific docking/scoring combinations pose and score the ligand in the pterin site. Enrichment studies were performed using 10 compounds also identified in the Burroughs Wellcome efforts, with measured inhibitory activity against E. coli DHPS that are known to bind to the pterin-binding site. 34, 35 These active compounds were seeded into three separate decoy sets, each of which has been used in previously reported docking validation studies. Enrichment at 1% and 2%, and ROC curves were used to compare docking/scoring combinations, and results across decoy set were also compared.
The work reported here seeks to address eight questions. (1) How useful is simple pose selection and scoring for determining the optimal docking/ scoring combinations for use against a specific target? (2) How do enrichment calculations at 1% and 2% compare with Areas under ROC curves in evaluating the docking/scoring combinations? (3) How important is decoy set selection? (4) How do docking failures affect results and how should these be accounted for? (5) How does post-docking relaxation affect enrichment results? (6) Can the use of consensus scoring improve enrichment results? (7) Is it possible to incorporate the known inhibitory activities of the seeded active compounds to more accurately distinguish between the docking/ scoring combinations? Finally, and most importantly for our project, (8) which is the best docking/scoring combination for use in virtual screening against the pterin-binding pocket of the B. anthracis DHPS enzyme?
EXPERIMENTAL METHODS

Docking Programs and Scoring Functions
Five docking programs were evaluated in this study, FlexX, DOCK, Glide, GOLD, and Surflex. 43 , and DOCK 44-46 v6 .0 is freely available to academic institutions from the University of California, San Francisco. FlexX, Surflex, and DOCK use incremental construction algorithms to select compound poses. GOLD uses a genetic algorithm, and Glide is a hybrid method that uses a torsional energy optimization and Monte Carlo sampling 47 for refinement. Nine Scoring functions were investigated. FScore 36 , Surflex-Score 48 , ChemScore 49 , and GlideScore 41 are empirical scoring functions, PMF-Score 50 is knowledge-based, and D-Score 44 , G-Score 39 , GOLD-Score and Grid-Score are force-field scoring functions. F-Score, D-Score, G-Score, ChemScore, and PMF-Score are included in the Cscore module of Sybyl 7.3, while Surflex-Score, GOLD-Score, and GlideScore are the native scoring functions for Surflex, GOLD, and Glide, respectively. FScore is also the native scoring function for FlexX, and Grid scoring was selected for use with the DOCK program.
DHPS Target Structure
The crystal structure of AMPPD in complex with B. anthracis DHPS (Figure 4 ) was used for all the molecular docking exercises performed in this study. We have determined the structures of B. anthracis DHPS in complex with several ligands including pterin site binders and a product analog. 5 The AMPPD structure was chosen for use in this study for three reasons; it binds solely within the pterin binding pocket and does not interact with the adjacent pABA site, it has two rotatable bonds which adds an additional degree of complexity to the docking problem compared to the rigid pterin site binders available to us, and at 2.3 Å, its complex with DHPS is one of the highest resolution structures that we have determined. The structure was prepared using the Biopolymer tool of Sybyl 7.3. Missing residues within mobile loops 1 and 2 were modeled using the closely similar E. coli and M. tuberculosis DHPS structures previously reported. 2, 4 Loops 1 and 2 are believed to participate in pABA binding and catalysis, but appear to play little or no role in pterin binding to the enzyme. Hydrogen atoms were added and AMBER FF99 charges were calculated for the protein. A structurally conserved water molecule that interacts with residues Ile187 and Gly216 directly adjacent to the pterin site was included as part of the receptor. A 1000 iteration minimization of the hydrogen atoms was followed by a 100 ps molecular dynamics simulation to refine the positions of the mobile loops 1 and 2. The simulation was performed with the Dynamics tool of Sybyl7.3 using the NTP ensemble, standard temperature and pressure, and 2 fs steps. All residues and ligands with the exception of those in loops 1 and 2 were held under tight constraints. The average structure from the last 20 ps of the simulation was calculated, and a 100 iteration minimization was applied to the entire structure to obtain the final receptor structure.
Docking Methodology
General-For consistency, site description files for all docking programs were generated using the AMPPD ligand and an 8 Å spherical radius. The structurally conserved water molecule was included in all docking runs for all programs.
FlexX v1.20.1-A receptor description file was built using the saved .pdb file. Ligands were docked as mol2 files and prepared as discussed below. All other parameters accepted default settings for docking runs.
GOLD v3.1.1-Default speed settings were accepted for both pose selection and enrichment studies. The input structure was the mol2 file with ligand extracted. The structurally conserved water molecule was set 'on' with spin orientation enabled, and the set atom types function was 'on' for ligand and 'off' for the protein. The fitness function was set to GOLD-Score (ChemScore disabled) with default input and annealing parameters. The Genetic Algorithm default settings were accepted as population size 100, selection pressure 1.1, number of operations 100,000, number of islands 5, niche size 2, migrate 10, mutate 95, and crossover 95. All other parameters accepted the default settings.
Surflex v2.0.1-The SFXC file was built using the mol2 prepared protein structure. The protomol was generated using the AMPPD ligand with a threshold of 0.50 and bloat set to 0 (default settings). Ligands were prepared as described below and docked as mol2 files. Cscore calculations were enabled on all Surflex docking runs. All other parameters accepted the default settings.
Glide v4.0-The receptor grid was generated using the mol2 file and was based upon the AMPPD ligand and an 8 Å enclosing box. Default values were accepted for van der Waals scaling and input partial charges were used. Standard precision docking was used for all Glide docking runs, with default settings for all other parameters and no constraints or similarity scoring applied. DOCK v6.0-The structure and ligand were prepared as discussed above and saved as mol2 files. The molecular surface was generated with the dms tool, included in the DOCK v6.0 package, with a default probe radius of 1.4 Å. Sphgen was used to generate spheres using the dms output and default settings. The active site was defined using the sphere selector tool and an 8 Å radius about the AMPPD ligand, and a corresponding 8 Å grid was generated for scoring using the showbox and grid tools. Flexible ligand docking was utilized with grid scoring as primary and secondary scoring, and ligand minimization was enabled. All other docking parameters accepted default settings for docking runs.
Ligand Preparation
Ligands were prepared for docking using the Sybyl 7.3 Molecular Modeling Suite of Tripos, Inc. 3D conformations were generated using Concord 4.0 51 , hydrogen atoms were added and charges were loaded using the Gasteiger and Marsili charge calculation method. 52 Basic amines were protonated and acidic carboxyl groups were de-protonated prior to charge calculation. The AMPPD ligand was minimized with the Tripos Force Field prior to docking using the Powell method with an initial Simplex 53 optimization and 1000 iterations or gradient termination at 0.01 kcal/(mol*A). Input ligand file format was mol2 for all docking programs investigated.
Pose Selection and Scoring
The AMPPD compound was prepared for docking as described above. It was then docked into the DHPS active site of the AMPPD co-crystal structure with each docking program using the methods described above. The number of poses returned by each docking program was determined by the default settings, and the poses were scored using that program's native scoring function. Using the five scoring functions available in the Cscore module of Sybyl, the poses were scored once again in a process that we define as 'rescoring'. The rms analysis tool in the GOLD utilities was used to calculate non-hydrogen RMSD of the docked and scored poses relative to the crystal structure conformation of the AMPPD compound. We used an RMSD of 1.5 Å as our threshold for determining success or failure as opposed to the commonly used 2 Å because of the relatively low number of freely rotatable bonds in the AMPPD compound. For pose selection, the pose with the lowest RMSD was determined from all poses returned by the docking program, regardless of rank. For scoring utility, the RMSD of the best scoring compound was calculated (see results and discussion).
Enrichment Studies
Decoy Sets-Three compound sets that had been used in previous validation studies were chosen as the decoy sets. The Schrödinger decoy set was used to validate the Glide docking program. 41, 42 It consists of 1000 drug-like compounds with an average molecular weight of 400 Daltons and was downloaded as a 3D SD file from the Schrödinger website. The ZINC decoy set of 1000 compounds was used by Pham & Jain in a validation study of the Surflex scoring function. 54 The Available Chemicals Directory (ACD) decoy set of 861 compounds was used by Bissantz and co-workers in a large docking/scoring validation study. 24 Both the ZINC and ACD decoy sets are available in the Sybyl demo material as 3D SLN files.
Active Compounds-The active compounds that were seeded into each of the decoy sets are shown in Figure 5 . They were chosen from a previously published series of 65 DHPS inhibitors that are known to bind to the pterin site of E. coli DHPS 34, 35 which is virtually identical to that of B anthracis DHPS. The compounds were chosen to reflect as broad a range of binding affinities and structural differences as possible, with the requirement that the activity of the compounds is below an IC 50 of 20 μM. The compounds were built using the Sketch tool of Sybyl 7.3 and prepared for docking as described above.
Rescoring-The highest scoring pose of each compound in the enrichment sets (both active and decoy) was saved for each docking program and imported into a Sybyl Molecular Spreadsheet for rescoring using the Cscore functions F-Score, ChemScore, PMF-Score, DScore, and G-Score. The effect of relaxing the compounds in the active site using the Cscore relaxation option was investigating by scoring before and after the relaxation. Additionally, a composite score was calculated using the 5 Cscore functions for both the relaxed and unrelaxed calculated scores.
Statistical Analysis
We have developed a non-parametric statistic, sum of the sum of log rank (SSLR) statistic, to test whether a scoring function performs better than random ordering and to compare the docking performances of two scoring functions. The SSLR statistic not only rewards early detection of active compounds but also rewards for correct ordering the active compounds by their known inhibitory constants. Early detection is rewarded by taking log transformation of ranks of the active compounds and correct ordering is rewarded by assigning heavier weight to more active compounds. To be more specific, the weight vector we chose is w = {n, n −1, …, 1}. Assuming r = {r 1 , r 2 , …, r n } is the vector of ranks of n active compounds and they have been ordered by their inhibitory constants, i.e. r 1 being the rank of the most active compound and r n being the rank of the least active compound, SSLR statistic is defined as where r j is the rank of the jth active compound among all N. By default, the smaller the inhibitory constant is the more active is the compound; small SSLR favors early detection and correct ordering of active compounds.
Just for illustration, assuming there are 10 active compounds and their ranks are 1, 2, …, 10, the SSLR statistic is different when they are ordered differently. SSLR statistic reaches minimum when the ordering is completely correct.
Test if a scoring function performs better than random scoring-The exact distribution of SSLR under null hypothesis is difficult to derive mathematically but can be easily obtained numerically by simulations. The null hypothesis assumes that the ranks of the active compounds are assigned completely at random. We simulate this random scoring study 1 million times and record all their SSLR values. The empirical distribution of the simulated values represents an estimate to the exact distribution. We believe that 1 million simulations should be sufficient enough to produce a reasonably good estimate. The p value of the test is simply the proportion of the times that the simulated SSLRs are less than the observed SSLR.
Compare the performances of two scoring functions-We have developed a permutation test to compare the performance of two scoring functions. Under the null hypothesis that two scoring functions are equal, i.e. SSLR x − SSLR y = 0, the ranks of the active compounds of the two scoring functions are interchangeable. Assuming x i and y i are ranks of the ith active compound for the two scoring functions, the permuted rank is given by and , where q i is from Bernoulli distribution with success probability 0.5. Empirical distribution of the difference of SSLR is obtained based on the permuted data and the p value of the test is given by the proportion of the times that the permuted differences are greater or less than the observed difference, depending on the direction of alternative hypothesis. Missing values-In situations where the docking and scoring combination failed to return poses (failed docking), we have penalized the docking/scoring combination by giving those compounds with missing scores the worst score returned by that particular scoring function for a compound in the decoy set. Table 1 shows the results of the pose selection and scoring validation trials. The number of poses returned by the five individual docking programs is listed in parentheses below the docking program name. The best pose, as determined by lowest RMSD, and the rank of that pose by the docking program's native scoring function is given in column 2. Column 3 lists the RMSD of the top scored pose by the native scoring function of each docking program. Scored poses with an RMSD of less than or equal to 1.5 Å are considered to be successful. Each of the five docking programs successfully returned a correct pose, and four of the five native scoring functions ranked a correct pose as the highest. The one exception was the GOLD and Gold-Score function combination which ranked a pose with a 3.29 Å RMSD as the highest. Columns 4 through 8 in Table 1 give the rescoring results with the Cscore scoring functions; the RMSD of the top ranked pose after rescoring is presented together with the rank of that pose by the native scoring function in parentheses. In most cases, the Cscore scoring functions were able to rank successful poses, and the failures are shown in red in Table 1 . Three of the scoring functions were not able to rank the FlexX poses, and D-Score performed particularly poorly in this respect, ranking a failed docking pose (outside the pterin site) as the highest. However, D Score was able to correctly rank a successful pose as the highest when used to score output from the other four docking programs. G-Score and ChemScore were not able to correctly rank poses generated by FlexX, and G-Score also failed with the poses generated by GOLD. Overall, F-Score and PMF-Score correctly rescored the poses generated by all the docking programs and were the best performing functions in this respect. We also note that the poses returned by the Surflex, Glide, and DOCK programs were always successfully scored by both the native functions and the Cscore functions. Figure 6 shows the calculated enrichment at 1% for each docking program/scoring function combination when used with each of the three decoy sets used in this study. It should be noted that we were not able to complete the GOLD docking of the ACD decoy set due to licensing issues, but the ZINC and Schrödinger decoy sets were successfully docked by the GOLD docking program. Enrichment is defined as the number of active compounds detected at a given percent of total decoy set by score ranked pose. Enrichment was calculated at 1% and 2% of the total decoy set rather than 1% and 2% of compounds successfully docked. This requires further explanation. Table 2 displays the number of poses (1 pose per compound) returned by the docking programs investigated in this validation study. It is apparent that some programs were able to return more poses than other programs, and this must be taken into account so as not to unfairly penalize programs that failed to dock some of the decoy compounds.
RESULTS
Pose Selection and Scoring
Enrichment Calculations
Several observations can be made from the data presented in Figure 6 . First, the two force field based functions, D-Score and G-Score, and the empirical function ChemScore all performed poorly for each decoy set. Second, the Glide and Surflex docking programs with their native scoring functions performed well (4 or more actives detected at 1%) against each of the three decoy sets. Finally, when used as the FlexX native scoring function, F-Score performed poorly against all three decoy sets, but when used to rescore for the other four docking programs FScore returned modest to good results. Most notably, F-Score detected 5 of the 10 active compounds when used with DOCK against the ZINC validation set.
Enrichment was also calculated at 2% of the total decoy set docked for comparison (see supplementary material). D-Score, G-Score and ChemScore continued to perform poorly. The scoring functions F-Score and PMF-Score were able to detect on average 1 or 2 more active compounds at 2%. Notably, the top performers at 1%, GlideScore and SurflexScore, continued to show excellent results at 2%, detecting between 6 and 8 of the 10 active compounds.
When comparing the enrichment results with respect to the choice of decoy set, there was a clear difference in performance for the various docking/scoring combinations. Overall, the ZINC decoy set returned the best enrichment results, while the ACD decoy set returned the worst results. It might be expected that the docking programs would have the most difficulty in distinguishing the active compounds from the decoy set when they are close in size and lipophilicity, but this trend was not seen in our enrichment studies. The Schrödinger decoy set differed most from the active compounds with respect to these two parameters but returned the worst enrichment results, while the ZINC and ACD sets, which have the closest parameters, yielded better enrichment results. Figure 7 shows representative ROC plots for three of the five docking programs evaluated in this study. The results from the native scoring functions and from rescoring with the five Cscore scoring functions are shown. The calculated areas under the receiver-operating characteristic curves (AU-ROC) values for each docking program with its native scoring function and the five Cscore functions are given in Table 3 , and are color coded according to performance; green -excellent (above 0.9), black -moderately well (0.9 to 0.6), red -poor (less than 0.6).
Receiver-Operating Characteristic Curves
Calculated p values are shown in parentheses in Table 3 . At a significance level (α) of 0.05, p values less than 0.05 indicate significant improvement over random selection while p values greater than 0.05 indicate no significant difference over random selection. It should be noted that, when creating the ROC curves, we used the total number of compounds in the validation set rather than total number of docked compounds to enable a more direct comparison of the performance of the docking and scoring algorithms. This point has been discussed earlier with respect to enrichment values, but it is also relevant here. As can be seen from Figure 8 , when calculating the area under the ROC for Glide using both the total Schrödinger decoy set versus the total successfully docked, there is a small but noticeable difference. This presents a problem when comparing results with a docking program such as Surflex that was able to dock the complete Schrödinger decoy set.
Four observations can be made from these results. First, unlike the enrichment results at 1% and 2%, there is little difference in the ROC results for docking programs when compared across decoy sets. Generally, when a docking/scoring combination performed well, it did so against all three decoy sets. The opposite is also true, with poorly performing docking/scoring combinations consistent with all three decoy sets. One exception to this is the noticeable (although not statistically significant) decrease in performance of PMF-Score when rescoring docking output for the Schrödinger decoy set. We also noted the improvement in performance of the D-Score function when rescoring DOCK output and attribute this to the fact that the DScore function is based on the original DOCK scoring function by Kuntz, et al. 44 Second, docking programs generally performed moderately to very well when paired with their own native scoring functions. Glide with Glide-Score and Surflex with Surflex-Score performed exceptionally well, and no improvement to the AU-ROC values was seen when rescoring these poses. DOCK, FlexX, and GOLD performed moderately well when scored with their native scoring functions, Grid-Score, F-Score, and GOLD-Score, respectively, but these showed significant improvement upon rescoring. Specifically, AU-ROC values were markedly improved when DOCK results were rescored with PMF-Score, FlexX results with PMF-Score, and GOLD results with both F-Score and PMF-Score. Third, F-Score and PMF-Score generally performed well in rescoring. Curiously, F-score only performed moderately well with its partner FlexX, but performed exceptionally well when used to re-score the outputs of Glide, Surflex, and GOLD. Finally, we note the moderate to poor performance of G-Score, D-Score, and ChemScore when these functions were used to re-score docking output from all five docking programs. Their performance ranged from moderate with DOCK and Glide, to exceptionally poor with Surflex and GOLD.
SSLR Calculations
The SSLR value reflects the ability of the docking and scoring combination to detect active compounds early and also their ability to correctly rank the active compounds according to their known inhibition constants. Table 4 shows the calculated SSLR statistic and p values for each of the docking/scoring combinations evaluated in this study. Lower values for SSLR are more desirable, and p values (shown in parentheses) of less than 0.05 indicate that the particular combination showed significant improvement over random selection and ordering. Like the AU-ROC values, the SSLR values demonstrate a clear distinction between the performance of the native scoring functions, F-Score, and PMF-Score over G-Score, D-Score, and ChemScore. As was seen with the AU-ROC calculations, the latter three scoring functions performed very poorly when rescoring the poses from all five docking programs, while the former three functions generally performed well across the board. We note that in three instances, D-Score was able to detect and rank the active compounds significantly better than random, as demonstrated by the p values for DOCK docking of the ZINC and ACD decoy sets and FlexX docking of the ACD decoy set. These results follow very closely with the corresponding AU-ROC values. In all cases the native scoring functions were able to detect and rank the actives significantly better than random selection and ordering. Finally, when used to rescore docked poses, PMF-Score and F-Score each performed exceptionally well, matching their performance when gauged with the AU-ROC values.
In order to compare scoring functions to each other within docking program/decoy set pairs, p values were calculated to detect statistically significant differences in scoring function performance. Tables 5 through 7 show p value cross comparisons both for AU-ROC's and SSLR values for each of the three representative pairs mentioned above. These results are helpful in determining which, if any, of the top performing scoring functions significantly outperformed the other, or if there was no statistically significant difference. For example, in Table 5 the results indicate that between Glide Score, F-Score, and PMF-Score, there was no significant difference in their performance when judged by either AU-ROC or SSLR. Additionally, there is not a significant difference in the performance of D-Score, G-Score, and ChemScore when judged by either metric. In contrast, the data shown in Table 6 indicate that for Surflex docking of the Schrödinger decoy set, there was a significant difference between the performance of Surflex Score and PMF-Score that was detected by both metrics, with Surflex scoring significantly outperforming PMF-scoring. Additionally, it can be seen from Table 6 that a significant difference between PMF-and F-Score could not be detected from the AU-ROC values, but that a difference was detectable when comparing the two scoring functions with SSLR values. The ability of the SSLR value to detect a difference in performance of two scoring functions that was not detected by AU-ROC is also demonstrated in Table 7 when comparing PMF-Score and GOLD-Score, with GOLD-Score showing clear superiority over PMF-Score when judged by SSLR values. There are also instances where SSLR failed to detect a significant difference that was detectable by the AU-ROC method, as can be seen from the ChemScore/G-Score results in Table 7 .
The results of a direct comparison of the native scoring functions to each other for each decoy set studied are given in Tables 8 through 10 . It can be seen from the p values that Glide with its native Glide-Score and Surflex with its native Surflex-Score demonstrated a significant superiority over FlexX, GOLD, and DOCK with their own respective native scoring functions. Additionally, a direct comparison of Glide-Score and Surflex-Score shows that there is no significant difference between the results of the two scoring functions, both in terms of the AU-ROC and SSLR methods.
Post-Docking Relaxation
Several authors have recommended that, when rescoring poses with non-native scoring functions as reported here, the poses should first be optimized using the native scoring function before generating the score. 11, 25 This procedure was not applied to the enrichment and AU-ROC data reported above, and it may explain the poor results observed with the D-Score, GScore, and ChemScore algorithms. To investigate the effects of optimizing the ligand poses prior to rescoring, we applied the molecule relaxation function of Cscore to the docking output prior to rescoring with the five Cscore scoring functions. This relaxation function uses the Tripos Force Field to perform a 100 iteration torsional minimization of the docked ligand. Figure 9 shows the effects of this relaxation procedure on the rescored AU-ROC values for the poses generated by Surflex docking of the ZINC decoy set. There was little change in the calculated AU-ROC values for D-Score, some improvement for G-Score, and significantly decreased AU-ROC values for the F-Score, ChemScore, and PMF-Score functions. Similar results were obtained for all the docking programs and decoy sets investigated in this study (data not shown).
Consensus Scoring
Consensus scoring has received mixed reviews in recent validation studies, with some authors reporting enhanced enrichment over single scoring functions [55] [56] [57] and others reporting little to no improvement. 12, 19 To further investigate this in the DHPS system, we used the Cscore module of Sybyl 7.3 to generate consensus scores from the five Cscore functions. We used the default settings, and investigated consensus score values generated from both unrelaxed and relaxed scores. A score of 0 through 5 is generated for each ligand pose depending on the number of "good" scores received from each of the five C-score functions. Table 11 gives the results of consensus scoring on enrichment (by calculated AU-ROC) for each of the five docking programs. Only the data from the ZINC decoy set are shown in the table, but the results were similar for the other two decoy sets. Table 11 gives the results from the unrelaxed and relaxed poses for comparison. Ideally, the majority of the known active compounds should give a high Cscore value of 4 or 5, while the majority of the decoy compounds should have low Cscore values. However, consensus scoring resulted in only a modest enrichment, and it failed to significantly improve the enrichment results obtained when scoring with single scoring functions. We saw no significant difference in the results when Cscore calculations were performed on the unrelaxed poses over the relaxed poses. The best results (an AU-ROC value of 0.891) were seen with consensus scores generated from unrelaxed poses from the Glide docking.
DISCUSSION
Our high resolution crystallographic studies of DHPS from Bacillus anthracis that includes substrate and inhibitor complexes have provided us with the opportunity of using virtual screening methods to identify novel inhibitory compounds that specifically dock into the well characterized binding determinants of the pterin pocket. However, an acknowledged limitation of this method is the ability to accurately score and rank the hits to identify which compounds should be further pursued by in-depth biochemical, kinetic and structural studies. We have therefore performed a thorough investigation of docking and scoring methodologies to identify which combination would be expected to yield the best results when applied to this particular pocket in this particular enzyme. As described in the introduction, we sought answers to eight specific questions and have successfully provided key insights into each of them.
We first investigated pose selection and noted the overall good performance of all five docking programs. Each program was able to generate a successful pose (RMSD less than 1.5 Å), and four of the five native scoring functions were able to rank a successful pose the highest. Additionally, when the poses were rescored with the five Cscore scoring functions, each one performed reasonably well. The majority of the docking and scoring functions were able to generate and rank successful poses, and we therefore conclude that this method of evaluating docking/scoring combinations is useful for eliminating poorly performing combinations but not for selecting the optimal combination.
We then addressed the question of how two commonly-used metrics, enrichment calculations at a given percent of decoy set screened (1% and 2%) and areas under receiver-operating characteristic curves (AU-ROC), compare when used for validation. Although both metrics were generated using the same data, it was easier to note a difference in performance when analyzing the enrichment values. Using the AU-ROCs, we classified combinations as performing either well, moderately well, or poor, but within each classification, it was difficult to determine the best docking/scoring combination. Similar to the pose selection study, the AU-ROCs were most useful for eliminating poorly performing docking/scoring combinations rather than selecting the top performing combination. In contrast, the enrichment calculations which reward early detection of active compounds appear to be more successful in distinguishing the top performing docking/scoring combinations for use against a specific target, based on our results.
We next sought to answer the question of how important is the selection of decoy compounds for use in enrichment studies. A recent study stressed the importance of selecting decoy set compounds that closely match the active compounds in terms of physico-chemical properties in order to avoid artificial enrichment. 58 We selected three decoy sets that had previously been used to validate docking programs against a wide variety of enzyme targets. Each of the three decoy sets has slightly different characteristics, and differs in physico-chemical properties from the active compounds to varying degrees. We compared the enrichment and AU-ROC results across decoy sets, and although there were detectable differences when comparing enrichment calculations at 1 and 2%, we were unable to correlate this trend with the degree of difference in physico-chemical properties of the active compounds from the decoy sets. Significantly for our purposes, when comparing the AU-ROC calculations across decoy sets, we did not detect a significant trend either favoring or disfavoring one decoy set over another, and when a docking/scoring combination performed well, it generally did so against all three decoy sets and vice versa. However, our results are not necessarily inconsistent with the previous study where a trend was observed. 58 More likely, while our active compounds differed significantly in some physicochemical properties from the 3 decoy sets we selected, the decoy sets themselves did not differ enough between each other to make a clear distinction in performance. This can be seen in Table 12 , which shows the average molecular volume (Vol), atom count (AC), cLogP, # of H-bond donors (HD), # of H-bond acceptors, and number of rotatable bonds (RB) for the active set and the three decoy sets. It can be seen that the active compounds tend to be smaller and more hydrophilic than the decoy compounds, but the decoy sets themselves are very similar.
The question of how to deal with docking failures was also specifically addressed because this issue has received little attention in previous studies. In our study, the docking programs were frequently unable to return poses for some decoy compounds, and this led to a problem in directly comparing the programs. For example, the program Glide in combination with the Schrödinger decoy set returned 607 successful poses while the Surflex program returned the full quota of 1010 poses (1000 decoys plus 10 actives). In the calculation of enrichment, we believe that it would have been an unfair penalty on programs that failed to dock decoy compounds had we selected % compounds docked rather than the % of the total number of compounds, and similarly in the calculation of AU-ROC and SSLR. We therefore used the total number of compounds (decoy + active) to calculate enrichment at 1 and 2%, and assigned the worst reported score to all docking failures when calculating the ROC plots, AU-ROC's, and SSLR values. We recognize that this method may over-compensate because the failure of a program to dock an inactive compound may actually reflect superior performance. Thus, in the event that the performance of two docking/scoring combinations are indistinguishable, we believe it is reasonable to use the number of docking failures for inactive compounds as a means for selecting one over the other.
We next addressed the abilities of post-docking relaxation and consensus scoring to improve enrichment results by evaluating their effects on our AU-ROC metrics. Cole and co-workers have stressed the importance of using scoring functions to optimize docking output prior to rescoring with that function 25 and we attributed the poor performance of the D-Score, G-Score, and ChemScore functions to this deficiency in our analyses. To test this, we performed molecule relaxation using a function that is available in the C-Score module of Sybyl (Tripos) prior to rescoring, and compared these results with the unrelaxed scores. The scoring results following relaxation were typically worse in terms of AU-ROC, and this may be due to the function's use of the Tripos Force Field rather than the scoring functions themselves. This is consistent with the findings of Cole and coworkers because the notable exception was the improved performance of G-Score that actually uses the Tripos Force Field parameters. Consensus scoring failed to improve upon the results we were able to obtain with single function scoring, and we believe that this can also be attributed the fact that the Cscore functions were not optimized with respect to the functions themselves. We conclude that, when rescoring with non-native scoring functions, it is very important to optimize with respect to that scoring function.
The known inhibitory constants of the active compounds seeded into the decoy sets represents important information that can be used to further evaluate the performance of docking and scoring combinations. Thus, ideally, the active compounds should not only be identified early but also in the correct order according to inhibition constants. In this study we have introduced a new method for interpreting enrichment study results that simultaneously rewards early detection of active compounds and correct ordering, the 'sum of the sum of log rank' or SSLR. Although several methods have been reported that specifically reward early detection 31, 59 , 60 , we believe that this is the first method that takes this approach. The SSLR method was developed to help us distinguish between the top performing docking and scoring combinations that were statistically indistinguishable using traditional AU-ROC methods. In the three representative examples given above, the SSLR method was able to distinguish between scoring functions in two cases where the differences in AU-ROC were not significant but, in general, the SSLR values closely correlated to the AU-ROC results in terms of statistical significance. However, it is very straightforward to apply the SSLR method when relevant data are available, and we consider this a valuable method with potentially great utility for future virtual screening studies.
The ultimate goal of this study was to determine which of the docking and scoring combinations evaluated would be expected to yield the best results in terms of enrichment when used against the pterin binding site of DHPS in a large scale, virtual screening study. We noted the excellent performance of the native scoring functions when used with each of their respective docking programs in our enrichment studies. We also noted the poor performance of the Cscore scoring functions when used to rescore docking output, and explained this by our inability to optimize the poses with respect to the scoring functions themselves. While this may explain the poor performance of G-Score, D-Score, and ChemScore, it does not explain the good to excellent performance of F-Score and PMF-Score. We believe that the nature of the pterin binding site may in part explain this observed phenomenon. Ligand binding into the pterin binding site not only involves van der Waals packing interactions within the tight pocket but also polar hydrogen bonding and ionic interactions. 5 Additionally, as can be seen from Figure 4 , there is a clear preference for planar, aromatic compounds that can accommodate π-stacking with the side chain of Arg254. Our results are consistent with those of Bissantz and co-workers who found that FlexX scores and PMF scores performed better against polar active sites, while DOCK scores were more reliable against non-polar active sites. 24 There is also an explicit aromatic stacking term used in F-Score, unique to this scoring function, which may have also contributed to its good performance.
CONCLUSIONS
In order to select the best performing docking/scoring combination for virtual screening studies against the DHPS pterin binding site, we employed several validation methods. Pose selection studies using a co-crystal structure with a known pterin-site inhibitor bound were useful in identifying docking/scoring combinations that performed poorly but were less helpful in selecting a top performing combination. Similarly, the AU-ROC values were also less helpful at selecting a specific top-performing docking/scoring combination, but clearly identified poorly performing combinations. However, enrichment calculations at 1 and 2% percent of the decoy set screened proved very useful in identifying two top performing docking/scoring combinations, Glide with Glide Score and Surflex with Surflex Score. Finally, we have developed a new metric that can be used as a validation method that we term SSLR. The SSLR statistic not only takes into account early detection of active compounds from decoy sets, but also rewards for correctly ordering the active compounds by their known inhibitory constants. We found that the results of the SSLR tests closely matched the AU-ROC results and in several cases were able to help us distinguish between docking/scoring combinations for which there was not a statistically significant difference using the latter method.
We investigated three separate decoy sets and found a dependence on the decoy set used when calculating enrichment at 1% and 2%, with the ZINC decoy set yielding the highest enrichment values. This dependence was not seen when comparing AU-ROC's from ROC plots, which were generally comparable across validation sets. Our investigations also showed that relaxation of the poses prior to rescoring with the Cscore functions using the relaxation function of the Cscore module implemented in Sybyl 7.3 did not overall improve enrichment and in some cases was actually detrimental. We believe this is due to the fact that the Cscore relaxation function does not use the scoring function to minimize the poses, but instead uses a different force field. No improvement over the best results seen with single scoring functions was observed when applying consensus scoring, with either the relaxed or non-relaxed poses. Again, we postulate that this is due to the fact that the Consensus scoring functions were not optimized with respect to each function prior to scoring.
We demonstrate considerable variability when using these various validation methods and identify clear winners. Indeed, without these analyses, it would be virtually impossible to successfully use virtual screening in our studies. Based upon the results from the enrichment studies, AU-ROC and SSLR calculations, we found that, of the docking programs and scoring functions we evaluated, the most appropriate combination for use in high-throughput virtual screening against DHPS would be Glide with the native Glide Score function or Surflex with the native Surflex Score function.
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